Background: The HIV viral genome mutates at a high rate and poses a significant long term health risk even in the presence of combination antiretroviral therapy. Current methods for predicting a patient's response to therapy rely on site-directed mutagenesis experiments and in vitro resistance assays. In this bioinformatics study we treat response to antiretroviral therapy as a two-body problem: response to therapy is considered to be a function of both the host and pathogen proteomes. We set out to identify potential responders based on the presence or absence of host protein and DNA motifs on the HIV proteome.
Background
Human Immunodeficiency Virus (HIV) is a single stranded RNA virus that contains nine genes coding for fifteen proteins [1, 2] . HIV has a powerful effect on the human immune system due to its ability to hijack hundreds of human proteins in continued infection [3] . HIV's POL gene codes for three important enzymes that are essential to the life cycle of the virus: the protein reverse transcriptase (RT) is common to all retroviruses and transcribes the viral RNA into double stranded DNA [1] . The RT enzyme has no proofreading ability [4] which explains the high mutation rate observed with in vitro experiments for the HIV virus [5] . POL also encodes the integrase protein which fuses the viral DNA produced by RT into the host genome [4] . The third enzyme coded by POL, protease (PR), is an enzyme that cleaves the multiple proteins coded by HIV's GAG and POL genes into separate functional units [1] . Mutations at the active sites of these three enzymes or inhibition of enzyme activity by drugs disrupt HIV's ability to replicate in host cells and thus block the infection cycle [6] .
Most of the drugs that are currently used for controlling HIV infection target the three viral enzymes coded by the HIV POL gene. Antiretroviral drugs such as zidovudine (AZT), lamivudine (3TC), emtricitabine (FTC), zalcitabine (ddC), stavudine (D4T), didanosine (DDI) and nevirapine (NVP) target RT [7] whereas antiretroviral drugs such as indinavir (IDV), nelfinavir (NFV), and atazanavir (ATV) were designed as PR inhibitors [8] . Clinicians also use a set of entry and integrase inhibitors in HIV treatment [9] [10] [11] . When antiretroviral drug are used one at a time, eventually a drug resistant viral phenotype will emerge [12] . Viral loads (VL) from in vitro cultures of HIV infected immune cells have diminishing growth rates in the presence of antiretroviral therapy but eventually a resistant viral phenotype emerges [13] . The resistance conferring mutations in the viral genome have been extensively documented and these mutations have been correlated to response to therapy [13] [14] [15] [16] . Combination of antiretroviral drugs has the advantage of targeting multiple stages of the viral life cycle. The multi-target Highly Active Antiretroviral therapies (HAART) exert a high level of evolutionary pressure on the virus by effectively requiring multiple simultaneous mutations to produce resistant strains [17] [18] [19] . As a result, the virus takes much longer time to develop resistance to several drugs at the same time [20] .
HAART therapies often reduce viral replication to undetectable levels. They decrease morbidity and mortality rates but nonetheless can be ineffective in some individuals [21, 22] . Search for new antiretroviral drugs with different target sites along the HIV sequence is ongoing. Targeting the virus itself may not be enough, however, to block the progress of infection. One may also have to consider the set of host proteins playing crucial roles in viral replication as targets for therapy. Recently, researchers have identified sets of human proteins that interact with HIV proteins [23] [24] [25] and another set of host proteins required for HIV infection through a functional genomic screen (( [26] [27] [28] , but the modes of interaction of these host proteins with specific HIV proteins are yet to be fully explored. Nevertheless, the ability of HIV-1 viral proteins to bind within the host cell network is likely to play a critical role in disease progression [29] . It is possible that this new focus on host proteins interacting with HIV will lead to new therapies targeting host cells required for HIV infection [30] .
In this study, we first cluster patients into responder and non-responder categories based on viral load response to antiretroviral therapy. We then used stepwise logistic regression to differentiate responders and non-responders using linear sequence motifs common to host and viral genomes as features. We focused on viral load in the responder/non-responder classification because recent studies indicate that CD4 cell count monitoring does not accurately identify individuals with virologic failure among patients taking antiviral therapy [31] . A novel aspect of our study is the recognition of bimodality [32] in the viral load reduction in antiretroviral therapy in patient data stored in the Stanford HIV Drug Resistance Database [33] both at eight weeks and twenty four weeks after the beginning of the therapy. In total, we used three different methods for assigning responder phenotype based on viral load. Multiple models of phenotype classification allowed us to identify the role of phenotype selection in determining significant features associated with drug response.
Another novel feature of our study is the treatment of drug response as a two body problem, namely that response to drugs is assumed to be affected by both the viral and host genotypes. We sought to identify linear motifs on the HIV sequence that are also found in the host and are functionally annotated: host transcription factor binding sequence motifs [34] , miRNA binding sequence motifs on the nucleotide sequence [35] and eukaryotic linear motifs [36] on the protein amino acid sequences. The motivation to use such features in predicting responder/nonresponder categories comes from the observed phenomena of the virus hijacking host cell apparatus for its self replication [37] . Another important motivation is to find a feature set based solely on viral sequence and not requiring a priori information obtained via virus-specific in vitro cell assays. This type of a feature set is attractive, as it can be used to explore the drug response of viruses to antiviral therapy in the absence of extensive data on resistance mutations. Previous research on quantitative prediction of patient response to antiretroviral drugs in HIV infection [38] [39] [40] [41] [42] [43] has employed similar and even more advanced machine learning algorithms than used here, but has not made explicit use of biologically meaningful linear motifs.
course of twenty-four week therapy. The drugs used in various single and combination therapies as well as the numbers of HIV-1 individuals taking the therapy are shown in Table 1 . As described in the methods section, the first classification method for responders and non-responders, SD or Standard Datenum [39] , was based on the fold-change of the entire patient database between the 0 and 8 week time points. The SD method classifies patients as responders if their viral load decreases by 100-fold over this time period. All other patients are labelled as non-responders. As shown in Figure 1A , this led to binomial distribution with clear peaks identified for responders and nonresponders. The second method for phenotype classification, Incremental Reduction (IR), is based on patients having a reduction of viral load in four out of six weeks. Figure 1B shows the sub populations of responders and non-responders for this classification as a function of VL at three different instances in the clinical trial. It is clear from the figure that responders move towards zero VL whereas non-responders are much less mobile in this setting. The third method for phenotype classification (BM) was based on the observation that viral load reduction after 24 weeks of therapy exhibited a bimodal distribution ( Figure 1C ). This method used a cutoff of 2,000 copies/ mL to differentiate between responders and non-responders. Subpopulations corresponding to each drug regimen shown in Table 1 also exhibited similar bimodal distributions.
The overlap between these three methods is shown in the Venn diagram in Figure 2 . More than half of the responders from each method are also declared responders by the other two methods. However, 244 of the 925 patients labelled as responders by the SD method at eight weeks are not considered responders after 24 weeks by the BM. This suggests that after a strong initial response to therapy, some patients regress between 8th and 24th week of intervention with antiretroviral drugs. We used these three clinically relevant phenotype classification methods to identify sequence motifs associated with the responder group in each classification.
Conserved linear motifs along HIV and their correlation with response to antiretroviral drugs
Our results show that the HIV sequence, although highly variant in nucleotide sequence, expresses eukaryotic linear motifs (ELMs) that are largely conserved over hundreds of subtype B and subtype C sequences, as shown in Figure 3 Figure  1B : IR, Three scatter plots representing the viral load vs. CD4 counts for all patients in the database after 8, 12, and 24 weeks of therapy. Patients which decreased in viral load in 75% of their visits are labelled as "responders" and marked in pink; those that did not are labelled as "non-responders" and marked in blue. Figure 1C : BM, A histogram of the change in viral load after 24 weeks of therapy. Those patients that decreased by more than 2000 copies/ml were labelled as "responders" and are marked in pink; those that did not were labelled as "non-responders" and are marked in blue.
of appearance in eukaryotic proteomes (unpublished observations) and as such these motifs are good candidates in feature selection for predicting response to antiviral drugs.
We used
Step-Wise Logistic Regression (SWLR) to classify patients into responder or non-responder categories based on the presence or absence of ELMs, miRNA binding sites, TF binding sites, and resistance sites, collectively referred to as features. SWLR employs an iterative algorithm to determine which features should be included in the final logistic regression model [44] . In brief, the algorithm starts with an initial group of features and fits a logistic regression model. It then discards any features with a near zero coefficient and determines which of the excluded features may have a non-zero coefficient if added to the model. This process repeats until it converges to a solution; In our experience this occurs within 100 iterations.
We used SWLR in 500 iterations of training and testing at equal proportions for all responder/non-responder samples shown in Table 1 . The resulting Receiver Operator Characteristics (ROC) curves for IR classification for the therapy regimens presented in Table 1 are shown in Figure  4 . These ROC curves show high prediction accuracy of responders with the features used in the model. The area under the ROC curve (AUC) is an indicator of the combined sensitivity (ability to detect true positives) and specificity (ability to detect true negatives) of the model. As shown in Figure 4 , random mixing of the responder and non-responder populations by 20% drastically reduced AUC for all drug regimens. Random mixing by 50% resulted in AUC values nearly equal to 0.5 as would be expected for randomly selected populations. These results confirm the utility of the selected features for predicting responder/non-responder identity using logistic regression.
The AUC values for all three phenotype classification methods are shown in Table 1 . Note that AUC values for BM and IR phenotype classifications are similar and point to high accuracy of prediction of outcome with these classification methods. The SD method, on the other hand, gave AUC values that were somewhat smaller than the other two methods. It is possible that the feature set used in our SD analysis is not optimal for predicting responders after eight weeks of therapy.
Regression Coefficients
The average number of regression coefficients (features) found significant over 500 training/testing iterations ranged from five to ten, depending on the drug regimens presented in Table 1 . These features corresponeded to two specific resistance sites (RS)s and ELMs. In a set of control SWLR computations, we used other motifs such as human transcription binding site motifs and miRNA binding motifs on the RT sequence, but none of them were found to be significant in regression. Shown in Figure 5 are regression coefficients with absolute values greater than 0.5 for the three phenotype classifications: SD ( Figure  5A ), IR (
Figure 5B), and BM ( Figure 5C ). Note that the two resistance sites on the figure are highly predictive of outcome in single drug regimens such as AZT and DDI targeting RT along with the ELMs that overlap this part of the sequence. Mutation RS V108 is a strong indicator of poor response to AZT, DDI, 3TC, and AZT, 3TC combination at 8 weeks (SD classification) whereas RS M36 has a negative effect on a larger spectrum of drug combinations ( Figure  5A ). These two resistance sites are the only ones that emerged in the set of features that are highly correlated with response to antiretroviral drugs. However, the regression does not lose accuracy when resistance sites are excluded from the features used in the analysis (data not shown). In this restricted set the significance of ELMs overlapping the resistance sites increases to compensate for the deletion, confirming the important role this sequence region plays in signalling resistance to some of the antiretrovirals targeting RT. Our findings point to resistance sites (or overlapping ELMs) having strong correlation to response to single antiretroviral therapies, but response to HAART therapies are correlated strongly with functional host protein motifs that are also expressed by the RT. One of the most consistent predictors of positive outcome across therapy regimens is the presence of ELM-Lig-SH3-3 ( Figure 5A ). This is the motif recognized by the SH3 domains of host proteins with a non-canonical class II recognition capacity [45] . The SH3 domain is a protein-protein interaction module commonly found in intracellular signalling and adaptor proteins. The SH3 domains of multiple endocytic proteins have been recently implicated in binding ubiquitin, which serves as a signal for diverse cellular processes including protein destruction [45] .
Venn Diagram
The two resistance sites and the ELMs that overlap them continue to be predictors of negative outcome in terms of response to subsets of antiretroviral therapies in phenotype classification based on incremental reduction of the VL ( Figure 5B , IR Classification). In this case, the consistent positive predictor is the motif ELM-Lig-MAPK-1. MAPK interacting molecules that carry this docking motif help to regulate specific interaction in the MAPK cascade [46, 47] . It is feasible that human MAPK is recognizing the ELM on these RT proteins, decreasing their efficacy through phosphorylation or other inhibition methods. Figure 5C , showing the BM classification method, reveals the resistance site M36 as a consistent indicator for negative response and ELM-Lig-SH2-STAT 5 as a strong indicator for positive response to antiretroviral therapy. This ELM is a motif recognized by proteins that have a significant impact on innate immunity during sepsis [48] . The innate immune system provides immediate defence against infection and serves as the first line of host defence during infection [49] . Recent research point to the depletion of white blood cells associated with innate immunity and their recovery under HAART [50] .
Among the host proteins that have been documented to interact with the HIV RT protein, those that have at least one of the ELMs shown in Figure 5 are presented in Table  2 . The table contains 33 host proteins with varying functions closely related to the immune response and signalling. The most common gene ontology categories [51] and KEGG pathways [52] among these proteins include adenyl ribonucleotide binding, phosphorylation, cell death, and apoptosis and pathways such as natural killer cell mediated cytotoxicity and the MAPK signalling pathway (Table 3 ). Our present knowledge of the grammar of protein interactions between the host and the virus does not allow us to draw definitive models of the network of interactions that differentiates responders from nonresponders in HAART therapies. Nonetheless, the results Figure 3 Feature Annotation. Annotation of a short linear motifs (Eukareotytic Linear Motifs, miRNAs binding sites, human transcription factor binding sites) along the viral sequence for 100 subtype C and 500 subtype B sequences. The colour code is as follows: homology Islands (green), human miRNA binding-sites (blue), human TF sites (silver), cleavage ELMs (red), ligation ELMs (purple), modification ELMs (brown), and export ELMs (pink). The clinically annotated sequence region is shown in the black box.
Feature Annotation
presented above provide a start towards constructing a plausible mechanism of how viral and host genotypes affect response to antiretroviral therapies
Discussion
The deadly course of HIV infection eventually leading to AIDS and associated opportunistic infections has been altered for a majority of individuals under HAART therapies thanks to combination antiretroviral therapies. These therapies have also reduced viral load dramatically in most patients, rendering them much less effective in transmitting the virus to others [53] . Research has focused on discovering new drugs targeting HIV proteins as well as on identifying host proteins necessary for viral growth as further possible targets for drugs. However, the interaction between the viral and host genotypes jointly affecting an individual's response to antiretroviral drugs has not been fully explored.
In this study we hypothesized that those host sequence motifs that are involved in protein-protein and protein/ DNA/RNA interactions and also found in viral genomes are features that could play important roles in determining HIV-1 disease progression. Our prediction technique determines whether a particular therapy regimen is complementary to the sequence profile of each patient. Our Figure 4 ROC Curves. Receiver Operator Characteristic (ROC) curves determined by the stepwise-logistic regression (SWLR) for the therapy regimens presented in Table 1 using the IR classification. The BOLD blue shows the average ROC curve over 500 iterations. The solid black line indicates the prediction ability with 20% shuffling of the responder v non-responder categories. The dashed line indicates the corresponding averages of completely shuffled responder vs. non-responder categories.
ROC Curves
thinking is motivated by the accumulating experimental evidence that viruses utilize motifs found in the host genome and proteins for integrating into host cell molecular networks and hijacking their function for viral replication [54, 55] . Using linear sequence motifs shared by both the host and the virus provides an approach for investigating the plausible mechanisms of host virus interactions and suggesting those that may be altered by antiretroviral drugs.
We have used known resistance sites and host motifs found on HIV reverse transcriptase as features for differentiating responders from non-responders (or weak responders) in stepwise logistic regression for 16 different combinations of antiretroviral drug regimens containing at least one drug against HIV reverse transcriptase.
Responder phenotype was defined multiple ways to gain insights into drug response at 8 weeks (SD phenotype classification) and 24 weeks (BM phenotype classification) after the beginning of the therapy and somewhere in between (IR Phenotype classification). Host motifs that appear to be highly relevant to viral replication such as the transcription site binding motifs [56, 57] and miRNA binding site sequence motifs [58, 59] could not be included into the analysis because these motifs are not contained within the RT region. Two resistance sites on HIV RT were found to be indicators of negative outcome, especially for regimens consisting of antiretrovirals targeting RT, but their influence was lower in HAART therapies. For the HAART therapy cases, the ELMS that contained these two resistance sites could be deleted from the model without sacrificing prediction accuracy. On the other hand, a number of ELMs were strongly correlated with positive outcome at different stages of antiretroviral therapy. These ELMs were associated with binding events leading to phosphorylation, ubiquination and the innate immune response.
Our approach to relate HIV sequence motifs to the course of infection does not require a priori information about how the HIV sequence would mutate in the presence of antiretroviral drugs. We were able to make accurate predictions without the resistance site information available in the literature. The input to our machine learning algorithm is simply the HIV sequence. We use publicly available bioinformatics tools to annotate these sequences with host motifs relevant to outcome. We then identify the motifs on the sequence that differentiate between responders and non-responders. These motifs can then be linked to specific viral host protein interactions and the pathways of these interactions. The promise of our approach will be fully explored with the availability of clinically annotated HIV whole genome sequences obtained at different time points during HAART therapy. We used data from the Stanford HIV Drug Resistance Database [33] in order to investigate the clinical relevance of host protein and DNA motifs on the RT region of the HIV-1 sequence. The Stanford database curates clinical information from drug trials on large HIV cohorts and associates them with the sequence coding the protein targeted by the drug. As of 11/15/2008, the database contained few PR region sequences. However, the dataset contained 2,019 RT sequences annotated with clinical parameters such as CD4 counts, VLs and the specific antiretroviral therapy as shown in Table 1 . Each patient in this subset had at least 1 sequence fragment from RT, had Gene Ontology categories (level 5) and KEGG pathways associated with the host proteins listed in Table 2 . Count refers to the number of proteins from Table 2 which have the associated term. P-values were determined using the DAVID enrichment tool using the set of all human proteins with the ELMs in Table 2 as a background set.
Conclusion
4 or more CD4 and VL measurements at 0, 2, 4, 8, 12, and 24 weeks during the course of a constant therapy regimen.
Phenotype Classification
We focused on VL in the responder/non-responder classification [31] and examined the patient population using three methods of responder/non-responder classification: Standard Datenum (SD), Incremental Reduction (IR) and BiModal Classification (BM). The Standard Datenum method labels patients as responders if their VL decreases by 100-fold over 8 weeks of therapy [39] . The reduction in VL over the 24 week period logged by the Stanford HIV Drug Resistance Database exhibited a bimodal distribution for the patient population. Parameters of this distribution were obtained using the expectance maximization method described in [32] and indicated that a reduction of 2000 copies/mL in viral load would accurately split the responder and non-responder distributions. We refer to this method as bimodal classification. The third method we used was designed to avoid potential noise issues that could arise from relying the VL measurement on a single clinical visit [60] . The phenotype classification according to incremental reduction of the VL is such that if a patient's VL decreases between at least four visit pairs, then those patients are labelled as responders.
Linear Motifs on HIV Genome and Proteome and Resistance Sites
Our classification method uses the presence and absence of short linear motifs on the HIV genome. These motifs can be grouped into three basic types: eukaryotic linear motifs (ELMs), nucleotide-based motifs and a priori-based resistance mutations. In order to evaluate the relative positions of nucleotide motifs and protein motifs on the same platform, we annotated the protein motifs back to their corresponding nucleotide positions. This could create some ambiguity since HIV has multiple overlapping reading frames. However, our clinical dataset only contained sequences from the RT region. We used a local BLASTx query [61] on a database of HIV-1 subtype B and C reference samples to translate the nucleotide fragments into their corresponding protein sequences (see Additional file 1). This ensured the proper translation even if the start and stop codons were missing from the sequence.
The first feature group consisted of ELM ligation sites and subcellular targeting sequences. These were identified on HIV-1 protein amino acid sequences using the ELM webserver tool [36] . The webserver tool filters out ELMs that fall into the globular regions proteins due to their predicted location within the 3D structure of the protein [36] . The second feature group consisted of HIV-1 sequence motifs that corresponded to annotated human transcription factor (TF) binding site motifs and miRNA binding sites. We used the MATCH™ web server [62] to annotate the TF binding sites on HIV-1 sequences with the public version of the TRANSFAC ® database as of 11/14/08 [34] . We required a core similarity of 0.75 and a global similarity of 0.70 in parameter assignment and chose among alternatives the method that minimized false negatives [62] . For the annotation of miRNA binding sites, recognition sequences for human miRNA were obtained from a human miRNA database [35] . As of 11/14/08 this database contained 417 experimentally verified human miRNA binding recognition sequences. The HIV sequences were scanned using the RNAhybrid program [63] and the background parameters of the extreme value distribution were created from 1,000 random sequences with dinucleotide distributions identical to our compiled HIV-1 sequence database [63] . Any binding site which had a p < 0.01 was annotated as a potential miRNA binding site. The third group of features consisted of resistance mutation sites on HIV sequence [64] . In order to capture the known HIV-1 therapy resistance mutation sites on the amino acid sequence of RT, we created regular expressions similar to ELMs which identify the known resistance conferring mutations (RSs) from the Stanford HIV-1 Resistance Database [33] .
Predicting Therapy Outcome
We used stepwise logistic regression (SWLR) to assess the potential of the extracted short linear sequence features along the RT sequence in differentiating between responders and non responders [44] . SWLR was implemented in the MATLAB™ 2007b Statistics toolbox [65] (see Additional file 1). This regression method employs an iterative algorithm to determining the features that should be included in a predictive model. We used p-value < 0.01 as an entrance cutoff and p-value > 0.1 as a removal cutoff. In our study the algorithm converged to a final solution within 50-200 iterations.
SWLR algorithm was applied to differentiate responders from non-responders in three different assignments of the phenotype for 500 iterations of 2-fold cross validation. Since the efficiency of the SWLR algorithm is sensitive to the class composition of the training data [44] we ensured that each training set consisted of roughly 50% responders and 50% non-responders. After each set of training we determined the specificity and sensitivity of our classifier on the independent testing data and plotted the receiver operator characteristics (ROC) curve for each iteration in our scheme. The area under the ROC curve (AUC) represents the likelihood that one can identify a responder accurately using the method. This procedure was performed independently for each therapy regime under consideration and for the whole population shown in Table 1 .
